Understanding the regulatory landscape of the human genome is a central question in complex trait genetics. Most singlenucleotide polymorphisms (SNPs) associated with cancer risk lie in non-protein-coding regions, implicating regulatory DNA elements as functional targets of susceptibility variants. ), OSECs (P = 2.4 × 10 −23
Introduction
Understanding the regulatory landscape of the human genome is a central question in complex trait genetics. The surge of genome-wide association studies (GWASs) over the past decade has revealed that ∼90% of common trait-associated variants are located outside protein coding regions (http://www.genome.gov/ gwastudies/). This suggests a major role for non-protein coding DNA elements such as enhancers and non-coding RNAs regulating the expression of target susceptibility genes, affecting complex phenotypes. The Encyclopedia of DNA Elements (ENCODE) project has catalogued genome-wide profiles of non-coding regulatory features of cell lines for multiple different cancer types. Evaluating ENCODE data with respect to GWAS data reveals that common variant risk regions are enriched for regulatory elements (1, 2) . However, ENCODE data are limited with respect to cell types that have been profiled, and particularly the normal precursor cells of different cancers.
The two main challenges in elucidating the functional mechanisms by which common variants modulate risk are identifying the disease causing SNPs and the target susceptibility genes they regulate. This is complicated by linkage disequilibrium (LD) in the human genome, varying by racial-ethnic group. The causal SNP at a given risk locus will usually be correlated with many surrogate variants; the 1000 Genomes Project data show that for every trait-associated variant in the NHGRI GWAS database, there are, on average, 56 correlated variants at r 2 ≥ 0.5 3 , which may represent the causal SNP. Another issue is tissue specificity. ENCODE data show that the genome-wide regulatory architecture is highly cell-type specific. This suggests that only tissues relevant to a disease's development should be evaluated in order to identify interactions between putative causal SNPs and their regulatory targets. Epithelial ovarian cancer (EOC) is a heterogeneous disease comprising several histological subtypes, each with distinct biological characteristics. Emerging evidence suggests that the different subtypes have different genetic hallmarks. The most common subtype, high-grade serous ovarian cancer (HGSOC), is characterized by somatic TP53 mutations and genomic instability caused by defects in double strand DNA break repair pathways (3, 4) , whereas clear cell ovarian carcinomas (CCOCs) are characterized by mutations in ARID1A and deregulation of the phosphoinositide 3-kinase signaling pathway (5, 6) . Different subtypes also have different proposed cellular origins. Although it remains a matter of debate, HGSOCs are thought to derive from fallopian tube secretory epithelial cells (FTSECs) and/or ovarian surface epithelial cells (OSECs) (7) (8) (9) . Given that endometriosis is a known risk factor for CCOC, it is likely that this subtype derives from endometriosis epithelial cells (EECs) (10) . Different histological subtypes also show variations in the underlying genetic susceptibility. Germline BRCA1 and BRCA2 mutations usually lead to HGSOC (11, 12) , while the mismatch repair genes predispose women to the endometrioid subtype of ovarian cancer, in addition to endometrial and colorectal cancers (13) . GWAS have so far discovered 17 common variant susceptibility regions at genome-wide levels of significance (P < 5 × 10 −8 ) conferring risk to HGSOC, two of which also confer risk CCOC (14) (15) (16) (17) (18) (19) (20) (21) .
Currently, there are few data, either in ENCODE or the literature, describing the regulatory architecture of ovarian cancer precursor tissues. This significantly limits the ability to understand the contribution of the non-coding genome to the development of epithelial ovarian cancer, and to identify the causal genetic variants at ovarian cancer susceptibility loci. The goals of the current study were 3-fold: (i) to catalogue the tissue-specific genome-wide architecture of non-coding DNA regulatory elements in OSECs, FTSECs and EECs based on regions of nucleosome depletion and surrounding histone-3-lysine-4-monomethylation (H3K4me1) and histone-3-lysine-27-acetylation (H3K27ac) posttranslational modifications; (ii) to integrate these data with risk-associated common variants at ovarian cancer susceptibility loci and identify the putative functional regulatory elements coinciding with SNPs at these loci; (iii) to use risk-associated epigenetic profiles at susceptibility loci to evaluate the cellular origins of different ovarian cancer histological subtypes.
Results

Genome-wide regulatory profiling of epithelial ovarian cancer precursor tissues
We generated genome-wide profiles of DNA regulatory marks in five different cell lines representing the possible precursor cells for HGSOC and CCOC. This included two normal ovarian epithelial cell lines (IOE4 and IOE11) (22, 23) and two fallopian tube secretory epithelial cell lines (FT33 and FT246) (24, 25) , the possible precursors of HGSOCs, and one EEC line (EEC16) (26) , the likely precursor of CCOC. We used FAIRE-seq (Formaldehyde-Assisted Isolation of Regulatory Elements) to catalogue localized regions of nucleosome depletion, and ChIP-seq (Chromatin Immunoprecipitation sequencing) to profile H3K4me1 and H3K27ac histone modifications consistent with poised and active/engaged enhancers, respectively. Putative enhancer sites were defined as regions where localized nucleosome depletion corresponded with surrounding histone peaks having either/ both H3K4me1 and H3K27ac modifications.
We compared the genome-wide architecture of regulatory marks by cell type, and to similar data generated previously for human mammary epithelial cells (HMECs) (27) . By analyzing a global similarity matrix of affinity scores across all common peaks (shared by at least two samples), we determined a genome-wide correlation coefficient of the five cell types. We observed similar positional patterns of global enhancer signals across the five EOC precursor cell lines. For OSECs and FTSECs, where we profiled cells from two different individuals, the biological replicates showed greatest similarity to each other compared to any other cell type. By cell type, OSEC and EEC lines showed the greatest similarity to each other, but all three cell types of gynecological origin showed greater similarity to each other compared to HMECs (Fig. 1A) . Taken together, these data suggest that these gynecological tissues share a common underlying regulatory biology that is distinct from non-gynecological epithelial cells, even though there are clearly unique epigenetic signatures between gynecological tissues reflecting the tissuespecific regulatory landscape of each cell type.
Regulatory architecture at epithelial ovarian cancer susceptibility loci
We conditioned our regulatory analysis on 17 different regions of the genome identified by genome-wide association studies, which predispose to invasive epithelial ovarian cancer. Fifteen of these regions are genome-wide significant risk loci for HGSOC (1p34; 2q31; 3q25; 4q26; 5p15; 6p22; 8q21; 8q24; 9p22; 9q34; 10p12; 17q12; 17q21.31; 17q21. 32; 19p13) . Two of these loci are also independently associated with CCOC risk (8q24; 17q12). Two other regions (1p36; 17q11) are borderline genome-wide significant associations for HGSOC (P-value 5.7 × 10 −8 and 3.9 × 10 −7 , respectively) but are genome-wide significant for all invasive epithelial ovarian cancer subtypes combined (Table 1) . Representative examples of browser images showing the quality of the regulatory data are shown in Supplementary Material, Figure  S1 , for the 1p34 and 17q21.31 loci.
We compared the average signal intensity of the chromatin signatures in all five normal gynecological cell lines, centered on the peak of the FAIRE signals to establish if regulatory signals differed between ovarian cancer risk regions (Supplementary Material, Table S1 ) and genome-wide profiles. We observed no differences in average peak positioning or intensity at putative enhancer sites in risk region verses whole genome regulatory architecture (Fig. 1B) . Neither did we find evidence of a difference in regulatory peak intensity between different risk regions. However, we did observe some differences in FAIRE and ChIP-seq signal intensity between gynecological tissues and HMECs at peaks in risk regions consistent with the tissue-specific differences we observed in the genome-wide patterns of regulatory marks between these cell types. For example, within the risk regions there are 617 FAIRE peaks with significant nucleosome depletion [False Discovery Rate (FDR) < 0.05] unique to OSECs, 80 unique to FTSEC lines; but combining these cell types, there are 960 FAIRE peaks that were significantly different to HMECs (Fig. 1C , Supplementary Material, Table S2 ).
Functional annotation of risk-associated SNPs at ovarian cancer susceptibility loci
We next integrated risk-associated genetic variants in the 17 ovarian cancer risk regions with regulatory biofeatures and predicted functional motifs from in silico analyses to identify SNPbiofeature intersections. Imputation of variants from the 1000 Genomes Project data (28) identified a total of 9053 common variants in the 17 regions. Within each region, we identified all SNPs with a 1-in-100 chance of being a causal variant based on their association with the most risk-associated SNP at each locus (Table 1) . These regions varied in size depending on the extent of linkage disequilibrium and the span of risk-associated SNPs. To annotate the transcriptional architecture of these regions, we extended each risk region to one megabase to encompass putative target susceptibility genes that may be regulated at long distances from causal susceptibility SNPs. In total, 676 SNPs were highly correlated with the most significant risk-associated SNP at each locus and calculated to be the most likely causal variant (21) . These 676 variants were mapped with respect to the following biofeatures: (i) nucleosome-depleted sites defined by FAIRE signals defined earlier, and with ENCODE DNaseI hypersensitivity data from other cell types (HMEC and LNCaP); (ii) H3K4me1 and H3K27ac signals identified in tissues in the current study; (iii) previously defined gene regions (RefGene), their promoter-proximal regions (i.e. −1 kb to +100 bp of a transcription start site), exons and untranslated regions containing known microRNA target sites.
Of the 676 associated risk variants, 202 (30%) mapped to at least one of the functional categories (Fig. 2) . The vast majority of risk SNPs mapped to non-coding features; only 12 (6%) mapped to coding exons of which four were non-synonymous substitutions and one was a frameshift variant (Supplementary Material, Table S3 ). One hundred and fifty-three SNPs mapped to 96 distinct enhancer regions (summarized in Table 2 ). We predicted the allele-specific impact of these SNPs on modulating transcription factor (TF) DNA binding motifs (Supplementary Material, Table S4 ). To specifically relate screened TF motifs to ovarian cancer, we restricted our analysis to the top 95% of expressed TFs in ovarian cancer precursor cells as determined by RNA-sequencing (Supplementary Material, Table S5 ). Of the 138 out of 153 enhancer SNPs that had designations in dbSNP, 103 (75%) modulated a TF motif. An additional 31 SNPs mapped to 11 distinct promoter or promoter-proximal enhancer regions. Of these 31 promoter SNPs, 18 were predicted to modulate TF motifs (Supplementary Material, Table S6 ). There was a single insertion variant in a putative microRNA target sequence (miR-129-5p) in the 3′ untranslated region of CDC42 at 1p36. The intersection between risk-associated SNPs and regulatory biofeatures at all 17 risk loci are illustrated in Figure 2 , while more detailed illustrations for two loci, 1p34 and 17q12 regions, are given in Figure 3 .
Tissue-specific enrichment of risk SNP-regulatory intersections
We evaluated whether there was enrichment at the 17 ovarian cancer susceptibility loci for those regulatory biofeatures that intersect risk SNPs compared with genome-wide SNP-regulatory biofeature intersections that may occur by chance. Of the 676 mapped risk SNPs in these regions, 184 (27.2%) were located in regulatory or promoter sites across the five different gynecological cell types. Genome-wide, we catalogued 312 245 regulatory marks (FAIRE, H3K4me1 and H3K27ac) in these cell types spanning 380 177 570 bp (12.3% of the genome). When we integrated these data with the genome-wide catalogue of common variants from the 1000 Genome Project, we found that 647 343 SNPs coincide with these regulatory biofeatures (14.2%). Thus, SNPs associated with HGSOC risk are twice as likely to fall within regulatory features identified in gynecological epithelial cell types than expected by chance (P = 4.65 × 10
−19
). We performed the same analysis after stratifying by cell type. In gynecological tissues, we found that enrichment of the overlaps between SNPs and regulatory biofeatures in ovarian cancer risk regions was driven by signals from FTSECs (P = 3.8 × 10 and OSECs (P = 2.4 × 10 −23 ), but not EECs (P = 0.45) (Fig. 2B and Table 2 ). We also found enrichment of risk SNP-regulatory biofeature intersections in HGSOC risk regions in HMECs (P = 6.7 × 10 −15 ) but not in cells unrelated to ovarian cancer, the prostate cancer cell line LNCaP for which data on genome-wide DNaseI, H3K4me1 and H3K27ac were available (P = 0.88) 16 ( Fig. 2B and Table 3 ). We eliminated the possibility that the risk-associated enrichments at these loci are the result of bias due to a greater density of regulatory biofeatures in the risk regions compared with the rest of the genome. There are 7667 SNPs within the 17 risk regions covering 0.8% of the human genome. These regions encompass 17 Mb of which 4 688 907 bases coincide with regulatory marks identified in gynecological tissues (27.6% coverage). This figure is quite different from the genome-wide coverage of enhancer regulatory marks (16.6%). However, we could find no evidence for differences in enrichment between the cell types at the risk regions. For example, coverage of enhancer marks at the risk regions in EEC, OSEC and FTSEC was 17.9%, was 20.1 and 15.3%, respectively, compared with 9.4, 8.9 and 9.0% genome-wide. Similarly, HMEC has 16.7% enhancer coverage at the risk regions compared with 11.6% genome-wide. Only in LNCaP cells was coverage in these regions comparable to the genome-wide distribution (6.9 versus 4.4%). Thus, whereas regional enrichment for enhancers could explain a lack of enrichment in LNCaP, it does not account for the observed differences between EEC and HMECs, OSECs and FTSECs. Put together, these data suggest that the enrichment of disease associated SNPs in enhancers of specific cell types is not a function of regional enrichment of enhancer regulatory marks.
Hierarchical cluster analysis was used to compare the patterns of enrichment between OSEC, FTSEC, EEC, HMEC and LNCaP. Euclidean distance was used to evaluate the relationships between SNP-biofeature intersections detected in the different cell types. We chose complete linkage clustering to construct the hierarchies, which minimizes the maximum differences of cluster members, although we obtained similar trees using average and Ward minimum variance techniques (which is related to complete linkage). The closest relationship was observed for OSECs and FTSECs, which was highly supported by the data using a bootstrapping technique (Fig. 2iii) . Ninety-six percent of randomly sampled subsets of the data (n = 10000) provide support for the same cluster. When we used correlation as a distance metric, we recapitulated the earlier relationships we found in the analysis of regulatory regions before conditioning based on risk SNPs (Fig. 1) , because the majority of the SNPs that overlap with EEC regulatory marks are also common to OSECs, FTSECs and HMECs. Thus, the clustering analysis reveals that a large fraction of SNPs mapping to functional elements in OSECs, FTSECs and HMECS are not shared with EECs.
Enrichment for transcription factor response elements
We investigated whether risk SNPs coinciding with putative enhancers were enriched for known transcription factor binding motifs with respect to the biology and known pathways associated with ovarian cancer. We simulated draws (n = 1000) of 184 SNPs from the 1000 Genomes Project, or 184 SNPs located within enhancer regulatory marks (n = 1000) to distinguish bias from the source tissue. We confined these analyses to transcription factors that are expressed in ovarian cancer precursor tissues. Comparing the actual position weight matrix (PWM) disruption counts with the distribution in the simulation, we evaluated the significance based on the fraction of times we obtained as many motif disruptions or better from random draws of 184 the SNPs. We found that four response elements had a significance threshold of P < 0.05: SOX13 (17 SNPs, P = 0.003), ZNF384 (11 SNPs, P = 0.002), NFIA/B/C/X (11 SNPs, P = 0.030) and ETS2 (9 SNPs, P = 0.020). However, after correction for multiple comparisons none of these observations remained significant. We also considered how likely it would be to obtain four or more such motif enrichments from a single data set; in 1000 simulations of random SNPs, we observed enrichment of four or more motifs in 33% of simulated data sets at a P-value threshold <0.05 and in 11% of data sets at a P-value threshold <0.01. Thus, there was no evidence for significant enrichment of response elements for any specific factor. Finally, we performed ontology analyses on the ranked list of transcription factor response elements (based on P-value) and on various lists (with different ranking cutoffs) of disrupted PWMs versus all tested PWMs. We found no convincing evidence for factor/pathway enrichment.
Discussion
It is now widely recognized that the non-coding fraction of the human genome is densely populated with regulatory elements that play major roles in the initiation and development of common complex traits. In the current study, we catalogued the global architecture of regulatory chromatin marks that define poised and active enhancers, in the cell types postulated to be precursors of different subtypes of epithelial ovarian cancer: FTSECs and OSECs, both of which are the debated precursors of HGSOC (7, 9, 29) ; and EECs that are the likely precursors of CCOC (30) (31) (32) (33) . To our knowledge, this is the first time that profiles of active and poised enhancers have been described for these epithelial tissues.
The Encyclopedia of DNA Elements (ENCODE) project has shown unequivocally that the regulatory architecture of the human genome is highly tissue and cell-type specific (34, 35) . The data from the present study supports this; while the three gynecological tissues we studied show broad similarities in their genome-wide regulatory profiles, they also demonstrate Table S1 for details). Black SNPs meet the minimum quality cutoff PWM match 85% of maximum score; red SNPs = 90%; red highlight = 95%. The diagrams underneath each browser view (indicated with red arrows) show the motif logo representing the PWM that matches to the genomic sequence (underlined) surrounding the SNP. The position of the SNP is indicated below the match sequence with the red outlined box, along with its allele frequency.
clear differences between each other that likely reflect their underlying biology. In contrast, the regulatory architecture of these tissues is distinct from that of HMECs, breast cancer precursor cells. This is perhaps not surprising given that FTSECs, OSECs and EECs (which likely derive from uterine epithelial tissues) share a common embryological origin. The molecular relationships between these different cell types changes when we base our analyses on the 17 genomic regions that are associated with susceptibility to ovarian cancer. Regulatory biofeatures within these regions may represent the functional mediators of tumor initiation, given that they coincide with common germline genetic variants associated with disease risk. The 17 regions are all significantly associated with risk of HGSOC, and consistent with this, we found highly statistically significant enrichment for regulatory biofeatures coinciding with risk-associated SNPs in FTSECs and OSECs. In a hierarchical cluster analysis based on intersections between risk SNPs and regulatory biofeatures, these tissues were more highly related to each other than any other cell type.
It was long thought that the ovarian surface epithelium was the cell of origin for HGSOCs, supported by both in vitro and in vitro data (7). More recently, FTSECs have emerged as a probable source of at least a proportion of HGSOCs following the observation of occult invasive serous intraepithelial carcinoma lesions in the fallopian tube in patients carrying germline BRCA1 and BRCA2 mutations (36) (37) (38) (39) ; and in vivo studies have described the ability of FTSECs to develop into serous epithelial carcinomas in a background of mutant TP53 and PTEN, or SV40 (40) (41) (42) . However, the close similarity between these two cell types based on their regulatory architecture at risk loci implies that both could be cells of origin for HGSOC.
We found no enrichment for SNP-regulatory biofeature interactions at HGSOC risk loci in EECs, but a highly statistically significant enrichment in HMECs. It is perhaps not surprising that endometriosis cells show few similarities with OSEC/FTSEC at these risk loci. Epidemiological studies find no evidence that endometriosis is associated with HGSOC (30) ; and from what is known about the development of the different ovarian cancer subtypes, the underlying biology and somatic genetic changes associated with HGSOC and CCOC are very different. The enrichment of enhancers at HGSOC risk loci in HMECs, and the close relationship between this cell type and OSECs/FTSECs, may also be unsurprising. Breast and ovarian cancers share a common etiology and an underlying genetic predisposition conferred by germline mutations in the BRCA1 and BRCA2 genes. GWASs have also identified multiple susceptibility loci that confer risk to both breast and ovarian cancer including 5p15, 8q24 and 19p13 (15) (16) (17) 43, 44) . Of the 17 HGSOC loci evaluated in the current study, 7 (41%) are also genome-wide significant risk loci for breast cancer (P.D.P. Pharoah, personal communication). Taken together, these data suggest that similar gene regulation pathways underlie both breast cancer and HGSOC. These data are also consistent with other studies reporting genomic regions (e.g. at 8q24 and 5p15) associated with a multiple different human traits and common diseases (45) (46) (47) (48) .
One of the goals of this study was to identify the putative regulatory elements that coincide with risk-associated genetic variants at ovarian cancer susceptibility loci, that may be functional mediators of allele-specific effects of SNPs. Additional follow-up will be required to identify the disease-causing SNPs. Due to the nature of linkage disequilibrium throughout the genome, our observation that over 25% of the 'candidate causal' risk SNPs overlap regulatory biofeatures must be treated with caution. It is likely that only a proportion of these SNP-regulatory feature overlaps will represent true functional enhancer-associated alleles, with the remainder being chance associations. Similarly, we would have missed SNPs that intersect with other types of regulatory element in these tissue types because we only annotated risk-associated SNPs at regions of open chromatin/nucleosome depletion and histone marks indicative of active and poised enhancers. These represent a fraction of the non-coding regulatory biofeatures that are present in these tissues. There are multiple other histone modifications that regulate a range of biological processes such as gene expression, DNA repair, apoptosis, chromosome condensation, replication and meiosis, which we have not characterized. Neither did we interrogate the long non-coding RNA (lncRNA) transcriptomes of these cell types; lncRNAs are also known to show highly tissue-specific expression, and could also be effectors of risk-associated variants.
A previous study found evidence of common transcription factor binding sites located at several breast cancer susceptibility loci (49) . This implies that there may be common mechanisms underlying breast cancer development. Thus, we might have expected to identify regulatory features that are common across multiple HGSOC loci. While we found evidence that the 17 risk loci may be enriched for the response elements for SOX13, ZNF384, NFIA/B/C/X and ETS2, these associations were not statistically robust when adjusted for multiple testing. This may imply that different regulatory mechanisms drive disease development at each HGSOC risk locus. Alternatively, it could be that common regulatory mechanisms exist but, as suggested earlier, we have not been able to identify them because first, our analyses were underpowered as a result of the relatively small number of risk loci indentified for HGSOC, and secondly, because we have not yet annotated all possible biofeatures in these tissue types.
In summary, we have catalogued the architecture of epigenetic marks and regions of open chromatin in three different gynecological cell types. We find evidence of tissue specificity when we compare the regulatory features between cell types and, when conditioned on risk-associated common variants, a highly statistically significant enrichment of disease-associated SNPbiofeature intersections in the proposed precursor cells of HGSOCs. These data provide a unique catalogue of epigenetic data for future studies aimed at understanding the genetics of gene regulation for different histological subtypes of invasive epithelial ovarian cancer.
Materials and Methods
Cell lines
Immortalized OSEC lines (IOE4, IOE11), derived from normal ovaries and immortalized using ectopic expression of TERT, have been previously described (23) and were cultured in medium 199: MCDB105 (mixed in a 1:1 ratio, both Sigma) supplemented with 
Capture of regulatory chromatin marks
For each cell line, four 15 cm culture dishes of ∼90% confluent cells were cross-linked in 1% formaldehyde for 10 min at room temperature before lysing cells in SDS buffer and sonicating to shear genomic DNA to ∼100-500 bp fragments. Insoluble cell debris was discarded, and the supernatant from pairs of dishes combined to represent two biological replicates per cell line. The material was divided into aliquots for input, FAIRE and ChIP. Immunoprecipitations were performed overnight at 4°C using antibodies against H3K27ac (Abcam ab4729) and H3K4me1 (Abcam ab8895) followed by incubation with protein A/G agarose beads (Pierce). Following washing and elution from beads, the DNA was ethanol precipitated, and the pellet washed with 70% ethanol. Recovered DNA was re-suspended in water for sequencing. Purification and recovery of FAIRE material was performed as previously described (27) in parallel with ChIP to ensure that annotation of open chromatin/nucleosome depletion was performed from the same cell lysate sample as annotation of histone acetylation and methylation marks. All ChIPseq and FAIREseq data generated in this study are deposited in the Gene Expression Omnibus (www.ncbi.nlm.nig.gov/geo/) under accession # GSE68104.
High-throughput sequencing and cell line data set generation FAIRE and ChIP-recovered DNA was sequenced on the Illumina Hi-Seq 50 Single End read platform, and data processed by the Illumina analysis pipeline and aligned to the Human Reference Genome (assembly hg19) using BWA version 0.6.1-r104 (51) . 'Reads were processed by marking duplicates with Picard version 1.95 (http://broadinstitute.github.io/picard/) and by removing those with alignment quality scores less than 20. Marked duplicates were excluded from downstream analyses'. Enriched regions of the genome were identified by comparing ChIP and FAIRE samples using the MACS2 peak caller version 2.0.10 with default settings (52) .
Analysis of differential nucleosome depletion and histone modification enrichment
Using bioconductor package DiffBind (52), a common set of peaks was generated across each set of experiments (FAIRE, ChIP-seq for H3K27ac and H3K4me1, respectively). In order to normalize across biological replicates, we retained peaks which overlapped at least once across replicates and cell types (setting minOverlaps to 2 in the dba.count function). To identify significantly differentially bound peaks, we first counted the number of reads within each experimental sample overlapping the identified peak while subtracting the number of overlapping reads from the corresponding input. Differential analysis was performed using the DESeq2 method within DiffBind. Differential scores were computed by setting the score argument to 'DBA_SCORE_TMM_ MINUS_FULL' within the dba.count function. Briefly, this method calculates the tagwise dispersions which are subject to an exact test after normalization by computing the trimmed mean of M values (TMM). Resulting P-values were adjusted using BenjaminiHochberg multiple testing correction to compute FDR; only sites found to be differential between cell types with an FDR <0.05 were retained for downstream analysis. Supplementary Material, Table S7 lists the read counts for each file before and after filtering for base quality.
Genome-wide regulatory fingerprinting
Using the defined nucleosome depleted regions, a set of peaks unique to OSEC, FTSEC, OSEC + FTSEC and HMEC [from previously published data (27) and ENCODE] were used to interrogate the read density of each experimental condition. A window of ±1 kb was taken from each summit, and the sequencing library densities relative to these specific positions were calculated by extending tags by their estimated ChIP-fragment length using default settings defined by Homer's annotatePeaks.pl script (53) .
Germline genetic susceptibility data
Genotyping data from GWAS and follow-up replication analysis have been performed in epithelial ovarian cancer cases and controls by two different consortia: The ovarian cancer association consortium (OCAC) and the Consortium of Investigators of Modifiers of BRCA1/2 (CIMBA). For OCAC, data were available for three population-based ovarian cancer GWAS (Stage 1 data). These included 2165 cases and 2564 controls from a GWAS from North America ('US GWAS') (54), 1762 cases and 6118 controls from a UK-based GWAS ('UK GWAS') (14) , and 441 cases and 441 controls from the U19 GWAS. Furthermore, 11 069 cases and 21 722 controls from 41 OCAC studies were genotyped using the iCOGS array ('OCAC-iCOGS' stage data). Overall, 43 studies from 11 countries provided data on 15 347 women diagnosed with invasive epithelial ovarian cancer, 9627 of whom were diagnosed with serous ovarian cancer, and 30 845 controls from the general population. From CIMBA, data were available on 15 252 BRCA1 mutation carriers and 8211 BRCA2 mutation carriers of which 2462 BRCA1 and 631 BRCA2 carriers diagnosed with invasive epithelial ovarian cancer. Samples from both consortia were genotyped for 211 155 replication SNPs as part of the collaborative oncological gene-environment study (COGS) (18) . Further details of the OCAC and CIMBA study populations as well as the genotyping, quality control and statistical analyses have been described elsewhere (18, 55, 56) . All subjects from OCAC and CIMBA included in this analysis were of European descent. All recruiting centers in CIMBA and OCAC required participants to give written informed consent and collected data and blood samples under ethically approved protocols.
Integrating regulatory and germline genetic data
Annotation of SNPs was carried out using bedtools (57) with data sets of peak calls described in this paper for FAIRE, H3K4me1 and H3K27Ac of each of IOE4, IOE11, FT33, FT246 and EEC16. We used the snp138 track of the UCSC genome browser to annotate missense mutations in protein coding regions, and miRcode (58) to interrogate potential microRNA binding sites in untranslated sequences. Motif disruptions and enrichment calculations were determined according to the previously published algorithm (45), using position weight matrices as defined in Factorbook (59), Hocomoco (60) and Homer (53).
Analyses of enrichment and hierarchical clustering in cell-type specific enhancers
Enrichment of SNPs in enhancers of different cell types and within risk regions was calculated using the hypergeometric distribution using base functions in R. To assess relationships among the SNP/regulatory overlaps in different cell types, a matrix of 1 and 0 s denoting membership of each SNP in each cell type was constructed and a distance matrix calculated on Euclidean distance. The matrix was then further analyzed using the pvclust (61) package in R, which calculates the multi-scale bootstrapping P-value [method of Shimodaira (62)] on each putative cluster within the tree, as reported in Figure 2C .
Supplementary Material
Supplementary Material is available at HMG online.
